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 ABSTRACT 
 
The main task of this work is to find out-of-sample evidence of the proposed predictions of Hong 
and Stein (1999) in the Chinese stock market – the Shang-Hai Stock Exchange (SSE) and the 
Shen-Zhen Stock Exchange (SZSE). Specifically, in this paper I explicitly test the three sets of 
implications derived from the gradual information flow model of Hong and Stein (1999). I found 
some supporting evidence for the gradual information flow model of Hong and Stein (1999). 
Using firm size as a proxy for information diffusion rate, I confirmed that momentum profits 
follow a term structure consistent with the prediction of the model. However, I did not find 
ubiquitous evidence of firms whose information travels slower should exhibit greater long-term 
reversal, following more pronounced overshooting. I also arrived at a contradictory observation 
in which stocks with longer trading horizon show virtually muted positive autocorrelations. 
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CHAPTER 1 
 
Introduction 
 
Stock market anomalies have long been an intriguing topic among researchers, because often 
times they openly confront the implications of traditional economic theories such as the efficient 
market hypothesis and the utility maximizing decision making under perfect rationality. 
Consequently, a new field of study thrives, namely the behavioral economics or behavioral 
finance, which approaches from a more empirical, psychological prospective in explaining 
market phenomena and making predictions. A concrete example of such a digression comes to 
the study of asset-pricing. Traditional asset-pricing models such as the capital asset pricing 
model (CAPM) of Sharpe (1964) and the arbitrage pricing theory (APT) of Ross (1976) have 
been shown to fail to capture systematic market anomalies1. Instead, behavioral models such as 
the overconfidence model of Daniel, Hirshleifer and Subrahmanyam (1998), the representative 
investor model of Barbaris, Shleifer and Vishny (1998), and the gradual information diffusion 
model of Hong and Stein (1999) have made substantial achievements in confirming empirical 
observations. 
 
To look closely, both Daniel et al. (1998) and Barbaris et al. (1998) approach from the individual 
investor’s point of view, incorporating behavioral heuristics of the kind in Tversky and 
Kahneman (1974) to investors’ decision making process, which I would like to call a “micro” 
                                                 
1 See Gan et al. (2013) for a list of such examples. 
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prospective. On the other hand, Hong and Stein (1999) focuses on the interactions among 
categorical investors grouped by similar information processing pattern, which I consider a 
“macro” prospective. The models are not necessarily toe-to-toe against each other, for manifests 
of cognitive limitations can take different forms at different levels. However, the models do give 
divergent and, in certain scenario, contradictory predictions. The main task of this work is to find 
out-of-sample evidence of the proposed predictions of Hong and Stein (1999) in the Chinese 
stock market – the Shang-Hai Stock Exchange (SSE) and the Shen-Zhen Stock Exchange 
(SZSE). Specifically, in this paper I explicitly test the three sets of implications derived from the 
gradual information flow model of Hong and Stein (1999). Although the other two models are 
equally interesting, they are left for future similar analysis, and the findings of this work neither 
validate nor invalidate the other two models. 
 
Overall, I found some supporting evidence for the gradual information flow model of Hong and 
Stein (1999). Using firm size as a proxy for information diffusion rate, I confirmed that 
momentum profits follow a term structure consistent with the prediction of the model. However, 
I did not find ubiquitous evidence of firms whose information travels slower should exhibit 
greater long-term reversal, following more pronounced overshooting. I also arrived at a 
contradictory observation in which stocks with longer trading horizon show virtually muted 
positive autocorrelations. 
 
This work contributes to the literature in the following departments: 1) built upon previous 
findings, it is an attempt to go in the direction of a systematic analysis of the gradual information 
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flow model of Hong and Stein (1999). 2) Testing is done in the context of an emerging market, 
with the belief that if a behavioral model is truly a good model, it should be able to generalize 
well. 3) In addition to serving as an out-of-sample examination, with the relatively new and 
large-scaled data, it can also serve as a reference for future research on the momentum effect in 
the Chinese equity market. 
 
The paper is structured as the following: Section 2 contains a brief recapitulation the gradual 
information diffusion model of Hong and Stein (1999); Section 3 serves as a literature review of 
related research on both the model and the market; Section 4 describes data and empirical 
approaches; Section 5 summarizes conclusions and extensions. 
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CHAPTER 2 
 
Hong and Stein (1999) Revisited 
 
2.1 Overview 
Hong and Stein (1999) proposed a unified behavioral model that has both explanatory power and 
predicting power. That is, the model can parsimoniously explain market phenomena including 
short-term continuation and long-term reversal, and at the same time can make predictions that 
can be subject to “out-of-sample” testing. Although pursuing the same goal, the model is 
fundamentally different from that of Barberis et al. (1998) and Daniel et al. (1998), where the 
authors assume that prices are driven by a single representative agent, and then posit a small 
number of cognitive biases that this representative agent might have. Rather, Hong and Stein 
(1999) focuses on the interaction between heterogeneous agents. Loosely speaking, the model 
put more emphasis on the way traders interact with each other to find demonstrated biases, rather 
than on particular cognitive biases attributable to individual traders, as did in Barberis et al. 
(1998) and Daniel et al. (1998). 
 
In its most basic form, Hong and Stein (1999) features two types of agents in the market, termed 
“news-watchers” and “momentum traders”. Each is boundedly rational, in a sense that each type 
of agent is only able to process some subset of the available public information in a given time 
period. The news-watchers make forecasts based on signals that they privately observe about 
future fundamentals; their limitation is that they do not condition on current or past prices. 
Momentum traders, in contrast, do condition on past prices changes. However, their limitation is 
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that their forecasts must be “simple” (i.e., univariate) functions of the history of past prices. 
Additionally, a third assumption is imposed to add to the reasonability of the model: private 
information diffuses gradually across the news-watcher population. Based on these settings, 
when there is only news-watchers active in the market, prices adjust slowly to new information, 
causing short-term underreaction. Then, with momentum traders involved, the underreaction is 
arbitraged away by these momentum traders. Because of their using simple strategies, for 
example they condition only on prices in the past 1 or 2 periods, this attempt to profit from 
underreacting prices results in long-term overshooting – the initial reaction of prices in the 
direction of fundamentals is accelerated, but comes at the expense of eventual overreaction. 
 
2.2 Mathematical Derivation 
Mathematically, in a market with only news-watchers, let 𝐷0 denote the value of a risky asset on 
which investors trade claims at current time 𝑡 = 0. The asset pays a single liquidating dividend 
that accounts for its ultimate value at some future time 𝑡 = 𝑇 where 𝑇 goes to infinity for the 
purpose of applying steady-state trading strategy. Then we have 𝐷𝑇 = 𝐷0 + ∑ 𝜖𝑡
𝑇
𝑡=0  where each 
𝜖𝑡 denotes the dividend innovation at time 𝑡 and follows a standard Gaussian distribution. 
Further, each 𝜖𝑡 is divided into 𝑧 independent pieces of equal size: 𝜖𝑡 = 𝜖𝑡
1 + 𝜖𝑡
2 +⋯+ 𝜖𝑡
𝑧. At 
time 𝑡, innovation for future dividend 𝜖𝑡+𝑧−1 begins to circulate, but each subgroup of the news-
watchers only observe one piece of the innovation (group 1 observe 𝜖𝑡+𝑧−1
1 , group 2 observe 
𝜖𝑡+𝑧−1
2 ,…, group 𝑧 observe 𝜖𝑡+𝑧−1
𝑧 ). In the next period, the groups rotate so that group 1 observe 
𝜖𝑡+𝑧−1
2 , group 2 observe 𝜖𝑡+𝑧−1
3 , and group 𝑧 observe 𝜖𝑡+𝑧−1
1 . In this way, by the time 𝑡 + 𝑧 − 1, 
the innovation becomes public to the entire news-watcher population. Notice that in this 
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formulation 𝑧 can serve as a proxy for the information diffusion rate – when 𝑧 is higher, it takes 
longer for the information to become public. 
 
Assuming further that the news-watchers all have constant absolute risk aversion utility with the 
same risk-aversion degree, and that the supply of the asset is fixed at 𝑄. Since the news-watchers 
are boundedly rational, in other words, there is cognitive limitation in their processing power, 
they can only form their demand based on the simple buy-and-hold strategy, and they condition 
only on the information observed but not on prices. 
 
Putting all these assumptions together, one arrives at the pricing formula of the risky asset at 
time 𝑡: 
𝑃𝑡 = 𝐷𝑡 +
{(𝑧−1)𝜖𝑡+1+(𝑧−2)𝜖𝑡+2+⋯+[𝑧−(𝑧−1)]𝜖𝑡+𝑧−1}
𝑧
− 𝑄. 
 
The next step is to include momentum traders. Momentum traders have the same risk profile as 
news-watchers, but their trading strategy is assumed to be dependent only on past prices. 
Specifically, at time 𝑡, a new generation of momentum traders arrive, take a position based on 
their forecast of the future price 𝑃𝑡+𝑗, and hold this position for 𝑗 periods. The forecast is a 
simple linear form of the cumulative price change over the past 𝑘 periods. For simplicity, let 𝑘 =
1. So the order flow from these momentum traders at time 𝑡 is 𝐹𝑡 = 𝛷(𝑃𝑡−1 − 𝑃𝑡−2) + A =
𝛷∇𝑃𝑡−1 + 𝐴 where 𝛷 is the sensitivity measure and 𝐴 is some constant. Taking in this order flow 
as the only possible supply shock, the price at any time 𝑡 is then adjusted by the aggregated 𝑗 
order flows over the last 𝑗 − 1 periods and in the current period: 
𝑃𝑡 = 𝐷𝑡 +
{(𝑧−1)𝜖𝑡+1+(𝑧−2)𝜖𝑡+2+⋯+[𝑧−(𝑧−1)]𝜖𝑡+𝑧−1}
𝑧
− (𝑄 − ∑ 𝐹𝑡+1−𝑖
𝑗
𝑖=1 )  
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= 𝐷𝑡 +
{(𝑧−1)𝜖𝑡+1+(𝑧−2)𝜖𝑡+2+⋯+[𝑧−(𝑧−1)]𝜖𝑡+𝑧−1}
𝑧
− 𝑄 + 𝑗𝐴 + ∑ 𝛷∇𝑃𝑡−𝑖
𝑗
𝑖=1 .  ① 
 
At the same time, the following equation is obtained through optimization on the momentum 
traders’ side: 
𝛷∇𝑃𝑡−1 = 𝛾
𝐸𝑀(𝑃𝑡+𝑗−𝑃𝑡)
𝑣𝑎𝑟𝑀(𝑃𝑡+𝑗−𝑃𝑡)
, 
where 𝛾 is the aggregate risk tolerance of the momentum traders. 
 
Solving for the equilibrium 𝛷 yields the following equation: 
𝛷 = 𝛾
𝑐𝑜𝑣(𝑃𝑡+𝑗−𝑃𝑡,∇𝑃𝑡−1)
𝑣𝑎𝑟(∇𝑃)∙𝑣𝑎𝑟𝑀(𝑃𝑡+𝑗−𝑃𝑡)
.   ② 
 
Given that there is no closed-form solution to this equation system, computational simulation is 
utilized to find the equilibrium value of 𝛷. It turns out that 𝛷 must be strictly greater than 0, 
meaning that the optimal strategy in any covariance-stationary equilibrium for momentum 
traders must be to follow the price trend. 2 
 
What follows are two pivot propositions that shape the traders’ behavior of the model: 
Proposition 1: In any covariance-stationary equilibrium, given a positive one-unit shock 𝜖𝑡+𝑧+1 
that first begins to diffuse among news-watchers at time 𝑡: 
(i) There is always overreaction, in the sense that the maximum value of the cumulative 
impulse response of prices is strictly greater than 1; 
                                                 
2 See Hong and Stein (1999) for a detailed demonstration of the derivation process. 
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(ii) If the momentum traders’ horizon j satisfies 𝑗 ≥ 𝑧 − 1, the cumulative impulse 
response peaks at 𝑡 + 𝑗 and then begin to decline, converging to 1; 
(iii) If the momentum traders’ horizon j satisfies 𝑗 < 𝑧 − 1, the cumulative impulse 
response peaks no earlier than 𝑡 + 𝑗 and eventually converges to 1. 
Proposition 2: In any covariance-stationary equilibrium, if price changes are positively 
correlated at short horizons (e.g., if cov(𝛻𝑃𝑡+1, 𝛻𝑃𝑡−1) > 0), then with risk-neutral momentum 
traders they are negatively correlated at a horizon no longer than 𝑗 + 1 (e.g., 
cov(𝛻𝑃𝑡+𝑖, 𝛻𝑃𝑡−1) < 0 for some 𝑖 ≤ 𝑗). 
 
These propositions translate into the following streamlined market procedures: 
1) At time 𝑡, there is price continuation from the previous time period 𝑡 − 1, possibly due to 
the ongoing circulation of positive future dividend innovation 𝜖𝑡−𝑥+𝑧−1 among news-
watchers. But due to the news’ gradual diffusion, price underreacts; 
2) Momentum traders, conditioning only on recent price trend, see positive short-term price 
continuation and therefore enter the market, arbitraging away any underpricing for some 
period 𝑗, even causing the price to overreact starting from 𝑡 + 𝑖 (Proposition 1); 
3) As momentum traders only condition on recent price trend, they keep entering the market 
until time 𝑡 + 𝑖, when the price already overreacted to the innovation and starts to drop as 
previously entered momentum traders close their positions (Proposition 2). Those 
momentum traders who still remain in the market get hurt, with the last round of 
momentum traders immediately experiencing a net loss. 
 
9 
 
Beyond the basic model, the authors also experimented a number of relaxations of the 
assumptions. First, by questioning that not all traders have to use some simple strategies, they 
further added some degrees of heterogeneity to the trader population by introducing contrarian 
traders. Since it is known that the momentum traders must ultimately cause prices to overreact, it 
is plausible to have a portion of contrarian traders to exploit this overreaction. Their result shows 
that price dynamics, after including potential contrarian traders, are qualitatively similar to that 
of the basic model, and that contrarians have a modest stabilizing effect – the impulse response 
function peaks at a lower value comparing to that in the basic model. Second, they considered 
the case where the arbitrageurs have more computational power. Instead of forcing each of them 
to choose either to be a momentum trader or a contrarian trader, they are allowed to play an 
optimal mixed strategy. Similar results are found for this more complex version of the model. 
 
2.3 Model Implications 
Commentary work Fama (1998) posits that a good behavioral theory should satisfy, at the 
minimum, the following criteria: 1) should rest on assumptions about investor behavior that are 
either a priori plausible or consistent with casual observation; 2) should be able to explain the 
existing evidence in a parsimonious and unified way; 3) should be able to make a number of 
further predictions that can be subject to “out-of-sample” testing and that are ultimately 
validated. Obeying to this widely accepted standard, Hong and Stein (1999) posts multiple 
testable hypotheses. 
(1) Rate of Information Flow vs. Momentum Effect 
The model offers a testable cross-sectional implication linking the momentum strategies 
mentioned in Jegadeesh and Titman (1993) and the story of gradual information flow – if 
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momentum in stock returns does indeed come from gradual information flow, then momentum 
strategies should be more profitable among those stocks for which information moves more 
slowly across the investors. 
(2) Information Diffusion vs. Long-term Reversal 
Not only do stocks for which information travels slowly have greater short-term return 
correlations, but by making prices more attractive to momentum traders, it also leads to more 
pronounced overshooting and stronger long-term reversals. 
(3) Trading Horizons vs. Pattern of Return Correlation 
The model parameters provide an explicit correlation between momentum traders’ horizon and 
the time pattern of return autocorrelation – the longer the trading horizons are, the longer it takes 
for autocorrelations to go from positive to negative. Using external factors such as trading costs 
that can proximate trading horizons, one can investigate into the relationship between trading 
horizons and the time span of return autocorrelation. 
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CHAPTER 3 
 
Literature Review 
 
3.1 The Model 
The model of Hong and Stein (1999) have been under some investigations. Most notably, Hong, 
Lim and Stein (2000), presented as a follow-up of Hong and Stein (1999), took a first step in the 
direction of giving a detailed testing of the gradual information diffusion story. In particular, the 
authors look for evidence that momentum reflects the gradual diffusion of firm-specific 
information. To do so, they categorize stocks by firm size and analyst coverage, using these 
metrics as proxies of information flowing rate. The intuition is that information about firms with 
relatively smaller sizes travels slower, and that information about firms with relatively sparse 
analyst coverage travels slower. The core prediction is that stocks with slower information 
diffusion should exhibit more pronounced momentum. Further, using OLS as a baseline model, 
the authors regress different combinations of market indicators on firms’ performance measures 
in various time span, and end up with three key results: 1) once one moves past the very smallest 
stocks, the profitability of momentum strategies declines sharply with firm size; 2) holding size 
fixed, momentum strategies work better among stocks with low analyst coverage; 3) the effect of 
analyst coverage is greater for stocks that are past losers than for past winners. Although the 
authors admitted the possibility of alternative explanations for these results, the findings are 
consistent with the predictions of the gradual information flow theory. 
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In a different setting, Yalçin (2008) investigated the effect of gradual information diffusion on 
contrarian strategy returns in the US stock market. Using ex post returns as a proxy for expected 
returns and analyst coverage as a proxy for the rate of information diffusion, the author shows 
that returns of contrarian strategies based on past long-term return and fundamental value-to-
price ratios decline monotonically with increasing rates of information diffusion, consistent with 
the predictions of Hong and Stein (1999). 
 
In a different laboratory setting, Bloomfield, Tayler and Zhou (2009) presented their results of 
three sound experiments that examine the influence of uninformed traders on price momentum 
and reversal, supporting the view that momentum is a robust phenomenon when news is 
disseminated slowly, whereas long-term reversal arise only in the presence of uninformed 
traders. Specifically, using the model of Hong and Stein (1999) as the basis for the market 
setting, the authors conducted three rounds of experiment – human uninformed traders vs. robot 
informed traders, human informed traders experiencing gradual information dissemination, and 
human informed traders vs. human uninformed traders. They find that in the first experiment, 
human uninformed traders engage in momentum trading, causing prices to overreact in the short-
run while eventually reverse; in the second experiment, informed traders fail to infer other 
traders’ information from market activity, resulting in short-term price momentum, but no long-
term reversal; in the third experiment, uninformed traders does not eliminate short-term 
momentum, but do generate long-term reversal by acting as contrarian traders. Their results are 
largely in line with the predictions of Hong and Stein (1999), except that the long-term reversal 
discovered in the third setting is caused by the long-lasting of uninformed traders behaving as 
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contrarian traders. In the original gradual information diffusion model, introducing contrarian 
traders does not significantly affect the price path. 
 
More recently, Wu and Choudhry (2018) brings the model back to the stage in an investigation 
of the relationship between information uncertainties and momentum effects amid market 
swings. Following the discoveries in Wu (2016), the authors conducted detailed analysis linking 
the return patterns following market UP and DOWN states in the Chinese stock markets to 
different proxies of information uncertainty, using a method similar to that of Hong et al. (2000), 
and concluded that information uncertainty has an amplifying effect on momentum returns, and 
the magnitude is asymmetric in a sense that it is more salient following DOWN market state – a 
synonymic conclusion to that of Hong et al. (2000). 
 
Although the results of all these works are generally in accord with the predictions of Hong and 
Stein (1999), one caveat is that they focus mainly on justifying or falsifying one or two particular 
predictions of the model. For instance, Hong et al. (2000) and Yalçin (2008) used CRSP and 
COMPUSTAT data and examined the momentum implication of the model in the US stock 
market, and undoubtedly their results provide a concrete piece of evidence supporting the view 
of Hong and Stein (1999). However, to further solidify the validity of the model, one would like 
to see the results be able to generalize to other markets with various indigenous characteristics. 
Additionally, as there are multiple paralleled predictions following the model, ideally all of them 
should be tested in order to complete the picture. This desire naturally leads to the development 
of this out-of-sample examination. 
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3.2 The Market 
The Chinese stock market is one of the few equity markets whose performance is negatively 
correlated with the US stock market (Kang et al. 2002). This trait distinguishes it in the general 
sense, but as a result, global investors have been less interested in investigating the market for 
beyond-academic purposes, simply due to there is less material interests (Kang et al. 2002). As it 
went through waves of regulations and expansions starting from the early 2000s, the market has 
become more accessible to foreign investors, providing enormous growth opportunities (Wang 
and Chin 2004; Carpenter et al. 2018). It has then been under the scope of rigorous financial 
research. 
 
The Chinese stock market has many unique characteristics that have been documented in 
previous works. To name a few: Drew et al. (2003) suggests that the Chinese stock market is 
difficult to comprehend using conventional analysis, based on their finding that the mimicking of 
Fama and French (1996) to form portfolios based on book-to-market ratio yields diverging 
results; Phylaktis and Ravazzolo (2005) argues that the market can serve as a diversification pool 
due to its weak interrelation with other major stock markets; Wu (2016) states that the market 
has segments (Class A and Class B shares, the Shang-Hai Stock Exchange and the Shen-Zhen 
Stock Exchange, and the split between tradable and non-tradable shares, etc.); Kang et al. 
(2002), Naughton et al. (2008), Wu (2016) and Liao and Peng (2018) all mention that the 
absolute dominance of individual investors provide a great opportunity to investigate investor 
sentiments, empirical trader behaviors and various momentum phenomena. 
(1) The Shang-Hai Stock Exchange and The Shen-Zhen Stock Exchange 
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The Shang-Hai Stock Exchange (SSE) is the largest stock exchange in China by total market 
capitalization and the 4th largest worldwide. It has a total of over 1400 companies listed with a 
total market capitalization of 27 trillion CNY as of December 2017. Stocks in the market are 
divided into two classes – the class A shares (sector code 600XXX or 601XXX or 603XXX), 
which constitute more than 95% of the market, and the class B shares (sector code 900XXX), 
which only takes less than 5%. Initially, trading in class A shares are restricted to domestic 
investors only while class B shares are available to both domestic (since 2001) and foreign 
investors. However, after several reforms in December 2002, foreign investors are allowed (with 
limitations) to trade in class A shares under the Qualified Foreign Institutional Investor (QFII) 
program which was officially launched in 2003. The constituents of the class A shares tend to be 
large and state-owned companies, as opposed to its counterpart, the Shen-Zhen Stock Exchange 
(SZSE), which mainly consists of small and export-oriented joint ventures (Wang et al. 2004). 
 
The Shenzhen Stock Exchange (SZSE) is the other major stock exchange in China, ranking the 
8th largest stock market worldwide by total market capitalization, with over 2,100 companies 
listed on three major boards – the main board (sector code 000XXX), the secondary board 
(sector code 002XXX), and the ChiNext board (sector code 300XXX)3. Class A shares listed in 
the SZSE have been historically different compared to those in the SSE in terms of quantity, 
liquidity, and market capitalization (Wu 2016). Among its investors, individual traders hold 45% 
of the tradable shares and account for 85% of the total trading volume (Liao and Peng 2018). 
Although a portion of the individual investors are de facto shadow accounts backed by 
                                                 
3 The ChiNext is a NASDAQ-style board of the Shen-Zhen Stock Exchange. The first batch of firms started trading on 
ChiNext on October 30, 2009. As of November 2018, there are 710 firms listed on ChiNext. ChiNext aims to attract 
innovative and fast-growing enterprises, especially high-tech firms. Its listing standards are less stringent than those of 
the Main and SME Boards of the Shen-Zhen Stock Exchange. 
16 
 
institutions, excluding these accounts still leaves over 80% of the entire investor population 
(Liao and Peng 2018). 
(2) Reasons for Choosing the Chinese Stock Market as a Playground for Empirical 
Behavioral Evidence 
The fact that both markets, albeit different microstructure, have a large market size with an 
individual-dominated investor composition grants at least two advantages for testing the model: 
1) the market is inclusive enough for variations in firm-level characteristics, making it more like 
a supermarket rather than a grocery store. In such a hodgepodge, if information were indeed to 
diffuse more slowly in some sections than in others, it should be easier for researchers to detect 
any cross-sectional discrepancies caused by such gradual diffusions. 2) Individual investors, as 
opposed to institutional investors, are generally more prone to using behavioral heuristics or 
simple, unprofessional strategies, due to their cognitive biases and limited computational power 
(Tan et al. 2010). As a result, behavioral market anomalies should be prevailing and long-lasting 
in such markets, as there is less rational corrections that exploit the mispricing, comparing to 
other sophisticated markets such as the US stock market. 
 
3.3 Momentum 
The popularity of the momentum strategy documented in Jegadeesh and Titman (1993) does not 
fade on the other side of the world. Various works have investigated the profitability of 
momentum strategies mimicking the kind in Jegadeesh and Titman (1993) in the Chinese stock 
market. For example, Tan et al. (2010) found undervaluation of 1% during the sample period 
2002-2005 for the Shenzhen composite index; the undervaluation can be explained by price 
momentum. Gan et al. (2013) suggested that the stock profitability is related to size and book-to-
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market ratio in the Chinese stock market. Wu (2016) found asymmetric momentum effect 
following UP and DOWN market states in both SSE and SZSE from 1996 to 2010, which can be 
explained using individual level behavioral biases such as overconfidence and confirmation. 
Kang et al. (2002) discovered statistically significant abnormal profits for some short-horizon 
contrarian and intermediate-horizon momentum strategies. Narayan and Zheng (2010) stated that 
with the inclusion of market liquidity risk factor proposed by Avramov and Chordia (2006), 
momentum alone cannot explain abnormal profits. Naughton et al. (2008) reported evidence of 
substantial momentum profits during the period 1995 to 2005 but finds no strong link between 
past volume and momentum profits. Cakici et al. (2013) found strong evidence for the value 
effect in all emerging markets and the momentum effect for all but Eastern Europe for the period 
of 1990 to 2011. Li et al. (2010) found no profitability in 25 momentum strategies; in contrast, 
there is some evidence of reversal effects where the past winners become losers and past losers 
become winners afterward. 
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CHAPTER 4 
 
Data and Empirical Approach 
  
The dataset includes daily market data on 1439 SSE Class A shares and 2115 SZSE Class A 
shares from January 2005 to December 201745. Excluding stocks with no available data for the 
sample period, there are 1386 and 2077 left for either market, respectively. Class B shares are 
not included because there are only less than 50 of them for either market and these stocks are 
not heavily traded. Each entry contains information of stock’s board, section code, opening price, 
closing price, yesterday’s closing price, trade volume (in CNY), trade amount (in shares), 
number of transactions, highest price, lowest price, price volatility, turnover ratio, total shares 
outstanding, and total shares. The sample period and stock inclusion is chosen to provide the 
most recent and comprehensive examination to date of the momentum effect in the Chinese 
equity market. 
 
Dataset is adjusted for the purpose of this research as the following: to obtain monthly return, I 
first average the stock price by month, then use percentage change from previous month as 
measurement of monthly return. Following Naughton et al. (2008) and Wu (2016), I exclude 
dividends and interests (which are assumed to be reinvested automatically) and use raw returns 
only. The reason behind is that different from the US market, dividends in the Chinese stock 
market are not a major source for stock return since 1) they are distributed annually or semi-
                                                 
4 Data is obtained from Shen-Zhen Securities Information Co., Ltd. 
5 The sample period is chosen to begin from 2005, when a major restructuring regarding the share-right split happened in 
the SZSE, and to end on 2017, in order to include relatively recent market data. 
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annually as opposed to quarterly, but the average holding period for individual investors is 1 
month (Wei et al. 2003); 2) there is no dividend policy that requires a certain amount of net 
income or retained earnings must be paid as dividends, so it is not uncommon for firms to not 
distribute dividends at all (Wei et al. 2003). To obtain market capitalization, I use price multiply 
by total share outstanding. Percentage bid-ask spread is calculated as the monthly average of 
daily high minus low price divided by closing price. Other metrics, such as price volatility, 
number of transactions, and turnover ratio, are all adjusted to be monthly averages. Missing 
values on total shares outstanding are replaced by previous trading day’s value. Missing values 
on turnover ratio are calculated as trade amount divided by total shares outstanding. 
 
4.1 The First Test 
The first hypothesis to be tested is: if momentum in stock returns does indeed come from gradual 
information flow, then momentum strategies should be more profitable among those stocks for 
which information moves more slowly across the investors. To test this hypothesis, I first 
construct quintile portfolios based on stocks’ past return, mimicking the momentum strategy of 
Jegadeesh and Titman (1993). Then, following the methodology of Hong et al. (2000) and Wu 
and Chaudhry (2018), I use firm size as a proxy for information diffusion rate to further create 
quintile sub-samples. If the hypothesis holds, one should observe greater momentum profits in 
the sub-sample consisting small firms (whose information diffusion among news-watchers is 
assumed to be relatively slow), comparing to the sub-sample consisting large firms (whose 
information diffusion among news-watchers is assumed to be relatively fast). 
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Specifically, at the beginning of each month, I rank all eligible stocks independently based on 
their past 𝐽 month cumulative returns (𝐽 = 1,2,3,6,9,12) and form equally weighted quintile 
portfolios 𝑃1 − 𝑃5. 𝑃1 contains stocks whose performances are among the lowest 20% over the 
last 𝐽 months, called the “loser” portfolio, and 𝑃5 contains stocks whose performances are 
among the highest 20% over the last 𝐽 months, called the “winner” portfolio. Following the 
convention to mitigate issues induced by the “bid-ask bounce” bias and return serial correlation 
(Moskowitz and Grinblatt 1999; Arena et al. 2008), I skip one month between the end of the 
ranking period and the start of the portfolio formation period. For simplicity, I assume buy-and-
hold implementation on the investor side, but on a rolling basis to achieve rebalancing, so that 
except for the first 𝐽 months of my sample period, each month’s return consists of the return of 
the portfolio formed in the current month, and the returns of the 𝐽 − 1 portfolios formed in the 
previous 𝐽 − 1 months. With different combinations of  𝐽 and 𝐾, there are 36 such portfolios. 
The zero-cost strategy is then to buy 𝑃5 and sell 𝑃1. 
 
Table I reports the average returns of the aforementioned momentum strategies for both the SSE 
and the SZSE. Overall, both markets demonstrate only very short-term momentum profits. When 
𝐽 = 1, abnormal momentum profits exist for all holding periods, whereas abnormal momentum 
profits only exist for 𝐾 = 1 for almost all other values of 𝐽. When 𝐽 = 1 and 𝐾 = 1, momentum 
strategy yields a striking 4.15% and 4.85% return for SSE and SZSE respectively. This is in 
accordance with the documentation that the average holding time for Chinese individual 
investors is 1 month (Wei et al. 2003). However, as holding period increases, momentum profits 
are gradually worn out, with the “loser” portfolios outperform the “winner” portfolios in the 
intermediate time horizon (3-12 months), benefiting contrarian investors. This finding is 
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consistent with that of Li et al. (2010). To look closely, when holding period is extended to more 
than 1 month, returns for loser portfolio generally increase; for winner portfolio, returns reach 
the their best at holding period of 1 month and then gradually decline. This term structure is 
consistent with Naughton et al. (2008). A connected dot graph is presented here to illustrate the 
similarity between the momentum profit term structure of SSE found in this work with that of 
Naughton et al. (2008). However, the magnitude of returns differ from that found in Naughton et 
al. (2008). In Naughton et al. (2008), momentum profits are more “smooth”, in a sense that they 
scatter around 1% to 1.6% and are consistent over different holding horizons. Here the 
momentum profits are more transient, clustering around only 𝐾 = 1 but spanning from 0.1% to 
4%. With regard to the different return magnitudes between the momentum profits found in this 
work and that of Naughton et al. (2008), the following argument may serve as an explanation: 
Naughton et al. (2008) contains a total of 821 stocks from 1995 to 2005, accounting for 57% of 
all firms in China and 75% of the total market capitalization during that period (Naughton et al. 
2008), whereas I use a different set of 1439 stocks from 2005 to 2017. As mentioned in section 
2, the modern SSE was established in December 1990, and experienced major reformations in 
early 2000, including a share-right split regulation and a period of IPO banning in 2005. A 
relatively young market, the major expansion did not happen until after 2005, marked by the 
world’s second largest IPO by the Industrial and Commercial Bank of China (ICBC) in 2006. 
These historical invariances lead to completely different market conditions for the pre-2005 
period and the post-2005 period, which is very likely to be the cause of this inconsistency. 
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Table I
Panel A
K=1 K=2 K=3 K=6 K=9 K=12
J=1 P1 -1.18 0.09 0.44 0.72 0.78 0.81
P5 2.97 1.59 1.21 1.01 1.00 0.98
P5-P1 4.15 1.50 0.76 0.29 0.22 0.17
(12.11)*** (5.83)*** (3.17)*** (1.88)** (1.76)** (1.34)*
J=2 P1 0.04 0.72 0.90 1.00 1.00 1.00
P5 1.97 1.05 0.81 0.83 0.88 0.87
P5-P1 1.93 0.33 -0.08 -0.17 -0.12 -0.13
(5.54)*** (1.05) (-0.28) (-0.94) (-0.78) (-0.85)
J=3 P1 0.44 0.97 1.10 1.10 1.11 1.12
P5 1.64 0.91 0.73 0.83 0.90 0.90
P5-P1 1.19 -0.07 -0.38 -0.27 -0.21 -0.22
(3.19)*** (-0.19) (-1.29) (-1.31)* (-1.12) (-1.22)
J=6 P1 0.76 1.09 1.14 1.14 1.14 1.19
P5 1.35 0.83 0.74 0.81 0.86 0.85
P5-P1 0.58 -0.26 -0.40 -0.33 -0.29 -0.33
(1.94)** (-0.94) (-1.54)* (-1.45)* (-1.35)* (-1.71)**
J=9 P1 0.92 1.17 1.23 1.20 1.23 1.26
P5 1.24 0.82 0.76 0.82 0.83 0.83
P5-P1 0.32 -0.36 -0.46 -0.38 -0.40 -0.43
(1.15) (-1.35)* (-1.79)** (-1.48)* (-1.68)** (-1.95)**
J=12 P1 0.96 1.20 1.24 1.24 1.26 1.29
P5 1.10 0.74 0.68 0.71 0.74 0.76
P5-P1 0.15 -0.46 -0.56 -0.53 -0.53 -0.52
(0.50) (-1.59)* (-1.93)** (-1.89)** (-1.98)** (-2.08)**
Price Momentum Portfolios and Stock Returns: Shang-Hai Stock Exchange 2005-2017 
(skip 1 month)
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Panel B
K=1 K=2 K=3 K=6 K=9 K=12
J=1 P1 -1.91 -0.32 0.06 0.38 0.46 0.56
P5 2.94 1.38 0.98 0.72 0.69 0.68
P5-P1 4.85 1.70 0.92 0.34 0.23 0.11
(13.17)*** (6.15)*** (3.77)*** (2.13)** (1.74)** (0.93)
J=2 P1 -0.48 0.38 0.59 0.69 0.74 0.80
P5 1.73 0.76 0.57 0.50 0.54 0.55
P5-P1 2.20 0.38 -0.02 -0.19 -0.20 -0.24
(6.11)*** (1.22) (-0.09) (-1.01) (-1.28) (-1.66)**
J=3 P1 0.06 0.70 0.85 0.86 0.93 0.97
P5 1.41 0.66 0.49 0.51 0.54 0.59
P5-P1 1.35 -0.04 -0.36 -0.35 -0.39 -0.38
(3.62)*** (-0.13) (-1.21) (-1.63)* (-2.12)** (-2.16)**
J=6 P1 0.63 0.97 0.99 1.03 1.08 1.14
P5 1.05 0.45 0.37 0.41 0.50 0.54
P5-P1 0.41 -0.52 -0.63 -0.61 -0.58 -0.60
(1.25) (-1.75)** (-2.30)** (-2.66)*** (-2.86)*** (-3.21)***
J=9 P1 0.80 1.12 1.20 1.20 1.24 1.27
P5 1.01 0.49 0.39 0.48 0.54 0.60
P5-P1 0.20 -0.63 -0.80 -0.72 -0.70 -0.67
(0.69) (-2.27)** (-2.99)*** (-2.90)*** (-3.06)*** (-3.20)***
J=12 P1 1.00 1.24 1.30 1.30 1.33 1.34
P5 0.89 0.47 0.41 0.43 0.47 0.53
P5-P1 -0.11 -0.77 -0.89 -0.87 -0.86 -0.81
(-0.36) (-2.67)*** (-3.12)*** (-3.22)*** (-3.42)*** (-3.44)***
* Statistically significant at 10% level
** Statistically significant at 5% level
*** Statistically significant at 1% level
Table I (Continued)
Price Momentum Portfolios and Stock Returns: Shen-Zhen Stock Exchange 2005-2017 
(skip 1 month)
This table presents the momentum returns (the difference between average monthly returns of 
the “winner” portfolios and those of the “loser” portfolios) in the Class A shares listed in the 
Shang-Hai Stock Exchange and the Shen-Zhen Stock Exchange for the sample period from 
January 2005 to December 2017. The momentum portfolio formation procedure is akin to the 
methodology used by Jegadeesh and Titman (1993). At the beginning of each month during the 
sample period, all the eligible stocks are ranked in ascending order based on their past J 
month returns. The portfolios are formed one month later, with P1 containing stocks whose 
performances in the last J months are among the lowest 20%, and P5 containing stocks whose 
performances in the last J months are among the highest 20%. P5–P1 represents the 
momentum return for each momentum trading strategy. All return values are in percentage 
measure. t-statistics are in parenthesis.
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Figure 1.A Momentum Return against Holding Periods 
 
Figure 1.B Momentum Return against Holding Periods (Naughton et al. 2008) 
 
Given that the momentum profit is only pervasive in the short run, i.e., when 𝐽 = 1, I focus only 
on this set of momentum strategy hereafter. Hong et al. (2000) argues that a combination of 
smaller firms being more prone to supply-shock-induced reversals due to their thinner market 
making capacity and that gradual information diffusion results in greater momentum in smaller 
firms should generate a non-monotonic, inverted U-shaped momentum profit profile. To test if 
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gradual information diffusion is indeed more pronounced in smaller firms, I replicate the 
momentum analysis in Hong et al. (2000), breaking down the portfolios by raw size. 
 
Specifically, on top of the quintile portfolios, I use an independent sort to generate 5 sub-samples 
for each of the portfolios based on the market capitalization of firms in that portfolio measured at 
the ranking period. The intuition is that if smaller firms do have greater information diffusion 
barrier, one should observe greater momentum profits in 𝑃5𝑠𝑚𝑎𝑙𝑙 − 𝑃1𝑠𝑚𝑎𝑙𝑙, as compared to 
𝑃5𝑙𝑎𝑟𝑔𝑒 − 𝑃1𝑙𝑎𝑟𝑔𝑒. Since there is no equivalent measurement such as NYSE/AMEX deciles, I 
use market capitalization quintiles as breakpoints for sub-sample portfolio formation. 
 
Table II reports the momentum returns for the two-way independent sort implementation in both 
markets. For each individual 𝐾, the momentum return for the portfolio containing the largest 
20% firms (𝑃5𝑄5 − 𝑃1𝑄5) is actually larger than the return for the portfolio containing the 
smallest 20% firms (𝑃5𝑄1 − 𝑃1𝑄1). This is a contradiction to the implication of Hong and Stein 
(1999). However, including not just the extreme ends, but also the mid-size portfolios yields a 
somehow different angle. Figure 2.A shows the momentum returns plotted against different size 
portfolios in SZSE. Here I pick 𝐽 = 1 and 𝐾 = 2 because this combination provides the closest 
resemblance to that of Hong et al. (2000). One can observe an inverted U-shaped structure of 
momentum returns against firm size. When firm size is on the extremely small end, momentum 
return increases with firm size, possibly due to thin market making capacity dominating (Hong et 
al. 2000). As momentum return peaks at the third quintile, it monotonically declines. This 
observation is quite robust throughout all momentum strategies under examination: of the 12 
such graphs generated for different 𝐾 values in both SSE and SZSE, 6 of them exhibit the same 
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hump-shaped structure, in which momentum return peaks at the third quintile and then gradually 
decreases. 
 
 
 
 
 
 
 
 
Panel A Panel B
P1 P5 P5-P1 P1 P5 P5-P1
J=1 K=1 Q1 -0.05 3.15 3.20 J=1 K=1 Q1 -1.34 3.18 4.52
Q5 -1.81 2.68 4.49 Q5 -2.39 2.55 4.95
All -1.18 2.97 4.15 All -1.91 2.94 4.85
K=2 Q1 1.04 2.00 0.96 K=2 Q1 0.15 1.37 1.22
Q5 -0.50 1.32 1.82 Q5 -0.61 1.05 1.66
All 0.09 1.59 1.50 All -0.32 1.38 1.70
K=3 Q1 1.30 1.79 0.49 K=3 Q1 0.41 1.07 0.66
Q5 0.18 0.91 1.09 Q5 -0.08 0.69 0.77
All 0.44 1.21 0.76 All 0.06 0.98 0.92
K=6 Q1 1.44 1.68 0.24 K=6 Q1 0.61 0.90 0.29
Q5 0.21 0.58 0.38 Q5 0.23 0.47 0.25
All 0.72 1.01 0.29 All 0.38 0.72 0.34
K=9 Q1 1.50 1.62 0.12 K=9 Q1 0.72 0.75 0.04
Q5 0.35 0.57 0.22 Q5 0.21 0.50 0.29
All 0.78 1.00 0.22 All 0.46 0.69 0.23
K=12 Q1 1.54 1.55 0.02 K=12 Q1 0.77 0.78 0.01
Q5 0.35 0.55 0.19 Q5 0.28 0.47 0.19
All 0.81 0.98 0.17 All 0.56 0.68 0.11
Mean Size 1.32 49.70 Mean Size 0.86 13.50
Median Size 1.35 19.70 Median Size 0.64 7.85
This table presents momentum portfolios based on last 1 month return. Portfolios are held for K months. Stocks whose 
last 1 month performance is among the lowest 20% are in P1, whereas stocks whose last 1 month performance is among 
the highest 20% are in P5. At the ranking period, an independent sort is conducted to classify all eligible stocks into size 
quintiles. Stocks whose market capitalization is among the lowest 20% are in Q1, whereas stocks whose market 
capitalization is among the highest 20% are in Q5. Momentum returns are then P5-P1 for all Q1 to Q5.All return values 
are in percentage measure. All mean and median size values are in billion CNY. 1 CNY ≈ 0.14 USD
Momentum Strategies and Stock Returns, Sorting by Size: 
Shang-Hai Stock Exchange 2005-2017
Momentum Strategies and Stock Returns, Sorting by Size: 
Shen-Zhen Stock Exchange 2005-2017
Table II
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Figure 2.A Momentum Return against Firm Size (J=1 K=2 SZSE) 
Figure 2.B Momentum Return against Firm Size (Hong et al. 2000) 
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4.2 The Second Test 
The second hypothesis to be tested is: for the same set of stocks whose information travels 
slowly, not only do they have greater short-term return correlations, but by making prices more 
attractive to momentum traders, it also leads to more pronounced overshooting and stronger 
long-term reversals. To test this hypothesis, I again focus on the momentum portfolios with look-
back period 𝐽 = 1, but instead of the return during the holding period, I now extrapolate to 
longer horizons and examine the return of the same set of stocks up to 1 year beyond the 
formation period. If indeed stocks whose information travels slowly exhibit more pronounced 
overshooting and stronger long-term reversals, one should observe stocks in the third quintile 
(with the most pronounced overshooting, as demonstrated in Figure 2.A) exhibit the greatest 
reversals, and stocks in the fifth quintile (with the highest information diffusion rate) exhibit 
rather moderate reversals, creating a mirrored image of the inverted U-shaped return profile in 
the negative region. 
 
To implement this, again at the start of each month, I independently sort all eligible stocks based 
on their past 1 month returns and their firm sizes, creating quintile portfolios under both metrics. 
I then use the difference between the return of the “winner” portfolio (𝑃5) and that of the “loser” 
portfolio (𝑃1) under different size-based sub-samples as a measurement of momentum profits. 
Among small firms, the momentum profit is 𝑃5𝑄1 − 𝑃1𝑄1; among large firms, the momentum 
profit is 𝑃5𝑄5 − 𝑃1𝑄5. For every portfolio formed in each month, I look into its future monthly 
returns within a 1-year period since the formation time, as well as the average return of this 1-
year period. 
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Table III presents the results for both the SSE and the SZSE. In the month immediately 
following the portfolio formation period, returns are largely positive, matching the finding in the 
first test that with 𝐽 = 1 and 𝐾 = 1, there is salient momentum profit. However after that, for the 
same set of stocks, returns experience a prolonged period of reversal, gradually wiping out the 
momentum profit. This procedure is numerically captured by a comparison between averaging 
the monthly returns with and without month 1. When including month 1, the average monthly 
return is positive for 4 of the size quintiles, and the resulting magnitude matches the finding in 
the first test that with 𝐽 = 1 and 𝐾 = 12, there is only weak momentum profit. When excluding 
month 1, the average monthly returns are unanimously negative across all size quintiles, 
demonstrating pervasive reversals. Looking across different sizes, however, there is no consistent 
indication of more pronounced reversals in stocks whose momentum profits were more salient in 
month 1. Among the 22 monthly return profiles, that is, excluding month 1 for both markets, 
there is only a few that resemble the proposed reversal term structure with the third quintile 
exhibiting the greatest reversal. Figure 3 gives a demonstration of these return profiles. One 
common feature shared by these return profiles is that relative to the fourth and the fifth quintile, 
reversal at the middle quintile is noticeably stronger. But they also exhibit unexplainable patterns 
such as the abnormal strong reversal in the first quintile of the bottom graph, and the inflection 
points at the second and the fourth quintile of the middle graph. 
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Figure 3 Extrapolated Momentum Return against Firm Size  
 
This figure shows 3 instances of the extrapolated monthly momentum returns whose return 
profile roughly matches that predicted by the model. The top graph is the 9th month after 
the formation period in SSE; the middle graph is the 12th month after the formation period 
in SSE; the bottom graph is the 6th month after the formation period in SZSE.
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4.3 The Third Test 
The third hypothesis to be tested is: the longer the trading horizons are, the longer it takes for 
autocorrelations to change sign, as suggested by Proposition 1. To test this, I use trading cost to 
approximate the length of trading horizon, which seems to be the most intuitive way since 
trading cost reduces trading frequency. Using percentage bid-ask spread as a measurement for 
trading cost, I again sort stocks into quintile portfolios, with and without controlling for firm 
size, and construct autocorrelation series with lags up to 40 months. 
 
As we are only interested in the sign of return autocorrelation, rather than the magnitude, Table 
IV only presents statistics recoding the first month at which portfolio return autocorrelation turns 
from positive to negative, for momentum strategies based on 1 month lagged return and bid-ask 
spread. Panel A and Panel B shows the result for the SSE and SZSE, respectively. Throughout 
all momentum strategies with different holding periods, there is no significant difference 
between the arrival of negative autocorrelation for stocks with high bid-ask spread (stocks in 
portfolio B5, whose trading horizon are long) and that for stocks with low bid-ask spread (stocks 
in portfolio B1, whose trading horizon are short). Particularly, for the SZSE, when holding 
period 𝐾 = 1, stocks in B1 actually have much longer positive autocorrelation – a striking 9 
month period before negative autocorrelation arrives, whereas that for stocks in B5 is only 1 
month. This observation directly contradicts the prediction of Hong and Stein (1999). 
 
Since bid-ask spread may be strongly correlated with firm size, I further control for firm size by 
breaking down bid-ask spread portfolios by size, and the results are presented in Table IV Panel 
C and Panel D. Here I only include cases at the extreme end, i.e., for firm sizes being either in 
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the bottom quintile (size = 1) or in the top quintile (size = 5). Results for other quintiles are 
largely the same. There is no universal bias toward stocks with higher bid-ask spread; 
occasionally, negative autocorrelation arrives much later for stocks with low bid-ask spread 
instead, as suggested by the 21 months in Panel D. One observation is that for the majority cases, 
negative autocorrelation arrives within 2 months, even for large firms whose idiosyncratic risks 
are low. This phenomenon is somehow unexpected, as it contradicts the nature of momentum – 
that past “winners” continue to win. However, this finding is in line with Lewellen (2002), in 
which the author found that size based portfolios are negatively autocorrelated and cross-serially 
correlated over intermediate horizons. The argument for the co-existence of both momentum 
profits and negative autocorrelation is the following: if investors do underreact to firm-specific 
news, contributing to a positive autocorrelation, but overreact to macroeconomic news, 
contributing largely to negative autocorrelation, the mixed result could turn out to be negative. 
Such an explanation, however, does not help with the justification of the gradual information 
diffusion model, which, as stated in Hong and Stein (1999), does not differentiate between firm-
specific news and macroeconomic news. 
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Panel A
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 3 2 2 2 2 1
B2 3 2 2 2 2 2
B3 2 2 2 2 2 2
B4 2 2 2 2 2 2
B5 2 2 2 2 2 2
B5-B1 -1 0 0 0 0 1
Panel B
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 9 3 1 2 2 2
B2 1 2 2 2 2 2
B3 1 3 2 2 2 2
B4 2 2 2 2 1 1
B5 1 1 1 2 2 2
B5-B1 -8 -2 0 0 0 0
Panel C
Size=1
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 2 1 1 1 2 2
B2 3 1 1 2 2 2
B3 1 3 3 1 1 1
B4 1 1 1 2 2 2
B5 1 2 1 2 2 2
B5-B1 -1 1 0 1 0 0
Size=5
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 3 2 2 2 2 2
B2 7 6 6 2 2 2
B3 2 10 6 2 2 2
B4 4 11 2 2 2 2
B5 2 2 2 1 2 2
B5-B1 -1 0 0 -1 0 0
Table IV
Month at which Bid-Ask Spread Portfolio Return Autocorrelation Changes Sign: 
Shang-Hai Stock Exchange 2005-2017 (controlling for firm size)
Month at which Bid-Ask Spread Portfolio Return Autocorrelation Changes Sign: 
Shang-Hai Stock Exchange 2005-2017 (bid-ask spread only)
Month at which Bid-Ask Spread Portfolio Return Autocorrelation Changes Sign: 
Shen-Zhen Stock Exchange 2005-2017 (bid-ask spread only)
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Panel D
Size=1
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 21 1 1 1 1 1
B2 1 3 3 1 3 2
B3 1 2 2 2 2 2
B4 1 3 2 2 2 1
B5 2 2 2 2 2 2
B5-B1 -19 1 1 1 1 1
Size=5
Bid-ask 
Spread
K=1 K=2 K=3 K=6 K=9 K=12
J=1 B1 1 2 2 2 3 7
B2 3 9 9 2 2 2
B3 1 5 2 8 2 2
B4 1 2 2 2 2 2
B5 1 1 1 1 1 1
B5-B1 0 -1 -1 -1 -2 -6
This table reports the first month at which the autocorrelation of momentum 
strategy turns from positive to negative. Momentum strategies are the same as in 
the first test, with J=1 and K=1,2,3,6,9,12, and skipping 1 month between the 
ranking period and the portfolio formation period. Panel A contains statistics for 
an independent sort based on lagged 1 month return and bid-ask spread only, with 
B1 including stocks whose bid-ask spread being in the bottom 20% at the ranking 
period, and B5 including stocks whose bid-ask spreak being in the top 20% at the 
ranking period, for the SSE. Panel B contains statistics under the same setting as in 
Panel A, but for the SZSE. Panel C contains statistics under the same setting as in 
Panel A, further controlling for firm size. Panel D contains statistics under the 
same setting as in Panel B, further controlling for firm size. Momentum return is 
measured by P5-P1, where P5 is the portfolio containing stocks whose lagged 1 
month performance is in the top 20% at the ranking period, and P1 containing 
stocks whose lagged 1 month performance is in the bottom 20% at the ranking 
period, for different bid-ask spread profiles. Bid-ask spread is measured by the 
monthly average of daily high price minus low price divided by closing price for 
each individual stocks. B5-B1 is the difference between the earliest month in 
which return autocorrelation turns from positive to negative.
Table IV (Continued)
Month at which Bid-Ask Spread Portfolio Return Autocorrelation Changes Sign: 
Shen-Zhen Stock Exchange 2005-2017 (controlling for firm size)
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CHAPTER 5 
 
Conclusions and Extensions 
 
This work aims at conducting a comprehensive “out-of-sample” testing of the gradual 
information diffusion model proposed by Hong and Stein (1999). Hong and Stein (1999) 
provided 3 testable hypotheses in justifying their model, namely: 
1) if momentum in stock returns does indeed come from gradual information flow, then 
momentum strategies should be more profitable among those stocks for which 
information moves more slowly across the investors; 
2) for the same set of stocks whose information travels slowly, not only do they have greater 
short-term return correlations, but by making prices more attractive to momentum 
traders, it also leads to more pronounced overshooting and stronger long-term reversals; 
3) the longer the trading horizons are, the longer it takes for autocorrelations to change sign. 
 
Utilizing data from the Chinese stock market, I find some supporting evidence for both the first 
and the second hypothesis, but find contradictory results regarding the last hypothesis. 
Specifically, I found that: 
1) using firm size as a proxy for information diffusion rate, I analyzed short-term 
momentum strategy performances for different size based portfolios. As size increases, 
the term structure of momentum profit generally follows that predicted by the model, 
with larger firms exhibiting reduced momentum profits, comparing to their smaller 
counterparts; 
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2) for the same set of firms, I further investigated into their extrapolated returns. Although 
momentum returns do exhibit reversals in the intermediate horizon, the term structures 
vary greatly across different months, with only a few resembling the mirror image of an 
inverted U-shaped term structure. The evidence is not robust enough to support the 
hypothesis that stocks with greater overshooting should also experience greater reversals. 
3) using bid-ask spread as a proxy for trading horizon, I analyzed short-term momentum 
strategy performances for bid-ask spread based portfolios, with and without controlling 
for firm size. Not only that stocks with longer trading horizon do not have a longer span 
of positive autocorrelation, they do not experience price continuation at all, with 
autocorrelation turning to negative in less than 2 months for most of the cases. Trade-
frequent stocks, occasionally, do experience long positive autocorrelation. 
 
Although the results can all find their roots in previous works, there are still improvements than 
can be done to perfect the standpoint of this work. For example, with respect to the capture of 
long-term reversals, it might be more convincing to extend holding periods to more than 12 
months; more delicate implementations, such as the exclusion of firms whose IPO are within 6 
months of the examination period, or the exclusion of stocks whose price is below a certain 
threshold, could be introduced. There are also limitations arise from insufficient data, in that 
many previous works use analyst coverage as a proxy for information diffusion rate (Hong et al. 
2000; Wu and Chaudhry 2018), which I did not attempt to obtain. Lastly, this work does not 
question whether firm size or any other indicator is indeed a good proxy for information 
diffusion rate; many factors are correlated and can produce results in the same direction. This is a 
whole other research area. 
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